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Balancing Meals Using Fuzzy Arithmetic and
Heuristic Search Algorithms
Jean-Christophe Buisson and Alexandre Garel
Abstract—This paper aims at showing how well-known ideas
in the fields of fuzzy arithmetic and heuristic search have been
combined in an educational software in nutrition in order to pro-
vide not only a better mathematical modeling, but also significant
functional improvements for end-users, comparing to other nutri-
tion programs. This software, called Nutri-Expert, helps patients
toimprovetheirnutritionalhabits,byanalyzingindetailtheirfood
intakes, and by suggesting changes that result in well-balanced
meals. Fuzzy arithmetic is used to model the input and database
data, and for all computations. A fuzzy pattern matching is per-
formedbetweentotalamountsofnutrientsanddifferentnormpat-
terns,andtheresultsaredisplayedusingagalvanometermetaphor.
A heuristic search algorithm is used to find out minimal sets of
pertinent actions to perform on a meal in order to make it well
balanced. The search is guided by an evaluation function based on
fuzzy pattern matching indexes. The different versions of the algo-
rithmhavebeenbenchmarkedagainstatestdatabaseofrealmeals.
Finally, the medical efficacy of Nutri-Expert and its acceptance by
end-users have been demonstrated in several medical studies, the
main results of which are presented.
Index Terms—Fuzzy arithmetic, heuristic speech, Nutir-Expert,
nutrition.
I. INTRODUCTION
T
HE educational software Nutri-Expert has been designed
in cooperation with the Diabetes Department of the
Toulouse Hospitals, Toulouse, France. For many chronic dis-
eases such as diabetes, a particular attention must be paid to the
diet, which should be properly adapted to the patient. A need
has been identified by the medical group for an educational
software of diet self monitoring, which should perform the
daily task of analyzing and correcting the patient’s meals at
home. This program is available for most computer operating
systems, as well as on the Internet.
Medical experiments have shown that an unsupervised
six-month use of the software improved very significantly the
patients’ knowledge on nutrition and their cooking habits, and
even improved significantly several physiological indicators
such as blood glucose. They have also shown an increase of
dialog between the patients and their physicians [11], [12].
Nutri-Expert is composed of several modules closely linked
together. The main one is the analysis module, which will be
described in detail in this paper, and which allows the patient
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to analyze a particular meal and get it well balanced. A second
module gives well balanced daily diets of different kinds (or-
dinary, green, exotic, parties, etc.) The quantities of foods are
adaptedtothepatientscaloricneedsandtheirmedicalproblems,
and a proposed meal can be imported into the analysis module
in order to be modified and corrected. There are more than 200
of such meals in the database. A third module acts as an ency-
clopedia on nutrition, giving information and definitions about
the words and concepts used in the software (calories, fat, pro-
teins, blood glucose, criteria of equilibrium, etc.). It also gives
complete recipes (more than 60) of dishes used in the other two
modules.
Each patient is recorded in the system, and her file contains
her main physical parameters such as her age, height, and
weight, as well as her level of physical activity and a descrip-
tion of her possible medical problems or diseases. Her weight
is asked and updated at most once a week.
The analysis module uses a custom made food composition
database of more than 1800 foods, permanently updated by a
pool of nutritionists. It gives the values of more than 20 nutri-
ents, for all the common cooked and raw ordinary foods and the
most common dishes. The nutritionists have been trained to use
the input tools which allow them to express the possible impre-
cision and fuzziness attached tothese values, asit will be shown
later.
The meal analysis proceeds as follows. The patient describes
her meal food by food. She can choose a food in a hierarchy
of categories and subcategories, use a search tool, or point to a
picture of it. The main nutritional information about the food is
then displayed. The patient must then provide the weight of this
food, and she can do it in any of the following several ways:
• by typing the weight in grams;
• by specifiying a number of portions (glasses for a drink,
slices for bread, etc.);
• by choosing among a set of pictures showing different
quantities of this food (Fig. 1).
As the meal description progresses, the quantities of the main
nutrients concerned with the meal balance and their relative po-
sition to corresponding norms are displayed as galvanometers,
which will be described in detail in Section II-E3)
The nutrients involved in the balance are: energy, car-
bohydrates, fat, protein, complex carbohydrates, simple
carbohydrates, saturated fatty acids, monounsaturated fatty
acids, polyunsaturated fatty acids, calcium, potassium, dietary
fibers, cholesterol, and alcohol. The constraints on these 14
nutrients depend partly on the medical problems of the patient.
The evaluation option allows her to have a clear written
assessment of his meal, which points out the main problems.
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Fig. 1. Using pictures to choose foods and food quantities.
She can then try to get the meal well balanced by adding or
removing foods or by changing the weights of the foods, but
this is a difficult task, which she seldom carries out to the end.
The correction option automatically finds the smallest sets
of acceptable changes which make the meal well balanced.
They are only suggestions, and the patient does not have to
follow them. Usually, she modifies one or two elements, and
the analysis cycle starts again.
The details of the balancing algorithm, and how the system
deals with the inherent imprecision and fuzziness of data is the
main purpose of this paper.
II. FUZZY ARITHMETIC
A. Sources of Imprecision in Nutri-Expert
There are two different sources of imprecision or fuzziness
in Nutri-Expert. The first is in the food composition database,
where some values are imprecisely known, sometimes even
completely unknown. For instance, there is only one entry
for apple in the database although there are several species of
apple on sale, which can all be at various stages of maturity.
In this case, imprecision is a result of the averaging of several
values. For other foods, the values of some nutrients have not
been measured, and the nutritionists must still express what
they know about it, even if it is very imprecise.
The second source of imprecision comes from the patient,
when he enters the food weights for his meal into the analysis
module. If the weights of some packaged items are precisely
known (yogurts, bottles, etc.), all other foods (vegetables, meat,
pastas, etc.) must be either weighted with a kitchen scale or
described in terms of portions. In practice, patients rarely use
a scale, so we have been assuming that the weights of non-
packaged items were an approximate assessment expressed by
a whole number of portions.
B. Fuzzy Intervals
A fuzzy interval is a fuzzy set [13] of real numbers,
denoted , with a membership function which is
unimodal and upper semicontinuous, that is ,
(the – cut of ) is a closed interval
(cf Fig. 2)
Fig. 2. Fuzzy interval.
A fuzzy interval generalizes the concept of a closed interval,
includingrealnumbers.Itmaymodeltherangeofsomevariable
with some more sophistication than a usual interval. Namely,
the support is the widest range for
( cannot take a value outside of ), while the core
is the set of most plausible values of , called
modal values.
A fuzzy interval is a convenient tool for representing impre-
cise quantities. In many real situations in which we are to eval-
uate a given parameter (not known with precision), a closed in-
terval is unsatisfactory. If we make the interval rather large in
order to be sure that the real value is inside it, the subsequent
calculations based on it may yield too imprecise results to be
of any practical interest. On the contrary, if the interval is too
narrow, the high precision of the results could be illusory if an
errorhavebeenmadeatthebeginning.Thefuzzyintervalallows
us to be pessimistic and optimistic at the same time: the support
of the interval will be chosen large enough to be sure that no
value is unduly excluded, and the core will represent what we
think are the most plausible values.
We shall assume that the involved fuzzy numbers are all of
the same type, i.e., there are shape function , , modal values
, , spreads , such that (see [5])
where (or ) is an upper semicontinuous monotonic function
with
For a value which is inside the support of , but outside
of its peak, the membership degree is .
What is of primary importance is to determine the set of
values which are completely impossible (for which is equal
to 0) and the set of values which are completely possible (for
which is equal to 1); the remaining subsets of the domain
correspond to gradual transitions. The possibility theory is not
verysensitivetoslightvariationsofthepossibilitydegrees;what
really matters is that if a value is considered more possible than
anotherone for avariable, thena greaterpossibilitydegreemust
be assigned to the former value.1
1This is why possibility theory is often said to be a “qualitative quantitative
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Fig. 3. Fuzzy interval modeled by a 4-tuple.
In other words, the linear by parts function for
and will provide the desired properties of resilience.
From a computational point of view, such intervals will be
modeled by the 4-tuple ( ) (cf. Fig. 3).
Precise values, ordinary intervals and fuzzy numbers can be
represented by these 4-tuples.
C. Elicitation of Fuzzy Data From Users
It seemed unrealistic to ask a patient anything about the im-
precision of his foods’ weights. When a user gives a weight
value, the program looks up in the food database if it is a pack-
aged item or not. If so, the weight is assumed to be a precise
number, represented by a fuzzy interval ( , 0, 0). If it is
not a packaged item, the program looks if the weight has been
given as a number of portion or in grams. The number of por-
tionisassumedtoimplyagreaterimprecision.Inbothcases,the
precise value given by the patient is transformed in a fuzzy in-
terval, using a transforming function associated to the food and
the portion/gram choice, the name of which is stored in the food
database. Presently there are 15 different such functions. For in-
stance, the /10/20 function is associated to the bread’s weight
when expressed as a number of slices, and transforms a weight
into the fuzzy interval ( ).
As for the values stored in the food composition database,
they are all fuzzy intervals, and the nutritionists have been in-
structed how to deal with them. A value is stored as a pre-
cise number, along with a transforming function such as the
aforementioned /10/20; the set of transforming function has
been elaborated by the nutritionists themselves. When a value
field is left blank, it means that absolutely nothing is known
on the value. It corresponds to a possibility distribution uni-
formly equals to 1, which can be implemented by the fuzzy in-
terval ( ). For instance, it is often the case
for the calcium of commercial foods, the quantity of which is
not printed on the package. The total amount of calcium in a
meal containing such foods can still be computed, but the result
will have an increase of imprecision affecting its upper bound.
D. Fuzzy Arithmetic
Zadeh’s extension principle [14] can be used to compute the
fuzzy range of , where and are two fuzzy intervals
associated to variables and respectively, and an operation
between real numbers. Dubois and Prade [5] have shown that,
applyingtherules of computationofpossibility theory, and sup-
posing that and are not linked (noninteractive)
(1)
In terms of -cuts,w eh a v e
(2)
that is to say
(3)
It can be shown that, for arithmetic operations, the supremum
in (1) is attained and (3) stands as an equality, so
(4)
(4) allows us to calculate for the four arithmetic
operations, and being the trapezoid-shaped fuzzy inter-
vals ( ) and ( )
For addition and substraction, it is easy to see that
(5)
(6)
For multiplication and division, an approximation must be
made, for the result is no longer trapezoidal. The most impor-
tant parts of the result, namely the core and the support, can be
calculated exactly, and we have no choice but to draw a straight
line between them on both sides if we want a trapezoid-shaped
result again. This approximation will leave unchanged the order
of the membership values of [0,1].
It can be checked that
where
(7)
and
where
(8)
E. Fuzzy Pattern Matching
1) Computation: Using the fuzzy arithmetic described
above, the program is able to compute assessments on a set of
nutrients, leading to a vector of data . Each
is a fuzzy interval, which must be compared to a corresponding
norm , and the different pattern matching indices must be
aggregated in order to assess to normality of the whole meal.
After discussion with the medical group, it has been estab-
lished that the different norms were also fuzzy intervals. For
instance,theytoldusthat,foranordinarylunchandforallkinds
of medical diseases, “the fat percentage of the caloric goal must
beapproximatelybetween25%and35%.”Theyaddedthat20%
and 40% were clearly out of the norm, so their statement could
betranslatedintothefollowingtrapezoid-shapedfuzzyinterval:
(5,25,35,5).
Let and be the fuzzy interval representing the pattern
and the data, respectively. Two scalar measures are used to esti-
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of matching and a degree of necessity of matching
which are, respectively, defined by (see [15])
(9)
(10)
Themeasure estimatestowhatextentitispossiblethat
and refer to the same value ; in other words, is a
degree ofoverlapping ofthefuzzy setof valuescompatiblewith
, with the fuzzy set of values compatiblewith . The measure
estimates to what extent it is necessary (i.e., certain)
that the value to which refers is among the ones compatible
with ; in other words is a degree of inclusion of the
setofvaluescompatiblewith intothesetofvaluescompatible
with .Thedualitypossibility/necessity,i.e.,thenecessityofan
event corresponds to the impossibility of the opposite event, is
expressed here by the relation
(11)
where is the membership function of , com-
plement of the fuzzy set of values compatible with . Clearly,
we always have . Besides it is worth
noticing that if and only if if the member-
ship function of an ordinary subset of ; otherwise, we have
only . Indeed, when two identical constants
have a fuzzy meaning, we cannot be completely sure that they
refer exactly to the same set of values. In any case we have
, where is the support of . The lim-
iting cases where and take values 0 and 1
are also useful to characterize. As previously defined, let
and be the support and the peak of , respectively. Then it
can be checked that
1) if and only if ;
2) if and only if ;
3) if and only if .
Note that Property 3) defines a stronger inclusion between
fuzzysetsthantheusualone(i.e., )whichonlyimplies
.
In conclusion, and are not ad hoc
similarity measures; they have clear and precise semantics
which correspond to the nature of the flexible pattern-matching
problem.
The computation of and on trapezoid-
shaped intervals is a matter of lines intersection (cf. Figs. 4 and
5). Let ( ) and ( ) be the rep-
resentation of and , respectively.
It can be checked that
(12)
where
and
(13)
Fig. 4. Geometric computation of the possibility measure.
Fig. 5. Geometric computation of the necessity measure.
Fig. 6. Overlapping norms of Nutri-Expert.
where
and
2) Overlapping Norms: As for the norm patterns used
in Nutri-Expert, it has been decided with the medical group
that, for each nutrient, five partially overlapping fuzzy inter-
vals would be used, called: very-hypo, hypo, normal, hyper,
very-hyper (cf. Fig. 6).
3) Using Galvanometers to Represent Matching De-
grees: For each nutrient, the possibility and necessity
compatibility degrees must be displayed to the end-user in a
clear and not oversimplified manner.
Ametaphorofgalvanometerhasbeenused,withcoloredarea
representing the accepted parts of the data domain, and where
the needle may be “fuzzy” (Fig. 7).
More exactly, the green, orange and red parts represent the
core, the support and the complementary of the support respec-
tively,andtheneedlehasthethicknessofthesupportofthedata.
Thenutrientlabel atthebottomisdisplayedinabackgroundthe
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Fig. 7. Galvanometer. The core and support are the lightly colored areas; the
“fuzziness” of the needle expresses the imprecision of data.
if completely included in the green area ( ), red if
the needle if completely in the red area ( ), and a
mix of red and green in other situations.
F. Global Matching Evaluation
We can now compute a set of indices and
when matching separately each data of the set
with the corresponding pattern of the set
. Each and were defined above as an
assessment and its corresponding norm for each nutrient
considered for the balance of the meal.
Since the involved variables are independent (i.e., the fuzzy
set of values compatible with a variable does not depend on the
value given to another variable), and if we suppose that all the
parts of the pattern have an equal importance, an aggregation of
the different measures is (see [6])
(14)
(15)
where denotestheCartesian productdefinedforfuzzy setsby
(16)
This aggregation using the “min” operation preserves the re-
spective semantics of possibility and necessity.
Yet, in the particular case of Nutri-Expert, the different
variables have not an equal importance. According to the
medical team, the fat, carbohydrate and protein percentage and
the caloric intake are by far the most important variables. As for
the others, it depends very much on the kind of meal and of the
particular medical problems of the patient: some variable may
be as important as the first four, and others may be completely
unimportant.
Let be the grade of importance of patterns
, respectively. It is supposed that , ,
the greater the greater the importance of ; we also assume
that (normalization), i.e., the most impor-
tant patterns are graded by 1. Then, if denotes a degree of
matching of a datum (possibility or necessity) with respect to
the atomic pattern , the corresponding degree of matching
ofthisdatumwithrespecttothewholepattern( ),
taking into account the importance assessement, will be given
by (see [7] and [8])
(17)
Note that if all the ’s are equal to 1 (equal importance),
we get ; when , the matching with the
pattern is not taken into account.
The introduction of weights as proposed in (19) amounts to
modifying the patterns into such that
The implementation in Nutri-Expert of this weighted fuzzy
pattern matching technique has been quite simple, and takes
place in two stages.
A two-dimensional array indicates for each kind of meal and
for each nutrient the norm pattern to use, and its weight in the
global matching.
Then the program takes into account the possible medical
problems of the patient in the following way. For each disease
of the patient (he may have several) and for each nutrient, an-
other two dimensional array specifies a new norm pattern and a
new weight, which overrides a possible previous setting of the
first stage.
Finally, a meal is said well balanced if the global pattern
matchingwiththe“wellbalanced”normpatternsleadsto
and . Otherwise, for each nutrient responsible for the
unbalance, theprogram makes a verbalcomment using a simple
algorithm.
III. HEURISTIC SEARCH ALGORITHMS TO BALANCE MEALS
So, Nutri-Expert takes into account the natural imprecision
and fuzziness of the user’s food quantities as well as the impre-
cision and fuzziness of a food composition, in order to compute
the fuzzy quantity of each of the 14 nutrients considered in a
meal. A global pattern matching is then performed to assess to
which extend the meal is well balanced. Now, the program aims
at telling the patient how he may modify this meal to make it
well balanced and adapted to his possible medical problems.
A. Analysis of the Problem
As a example, Romain, a child of eight, wanted to eat for
breakfast:
• four slim slices of “baguette” (french bread) (60 g);
• one glass of skimmed milk (250 g);
• four teaspoonfuls of sweet cocoa powder (20 g);
• a teaspoonful of fruit marmelade (15 g).
Accordingtothephysical andmedical recordof Romain,this
meal is unbalanced, due in particular to an excess of carbo-
hydrates and a deficiency of fat. An acceptable transformation
would be, for instance
• decrease bread quantity to 3 slices (45 g);
• decrease cocoa to one teaspoonful and a half (8 g);
• add 10 g of butter.
Even with the help of an evaluation module which points out
the nutrients responsible for an unbalance, patients generally
happen to be unable to perform this balancing task by them-
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food for instance often leads to have the balance of several nu-
trients modified at the same time.
This problem could be seen as linear. Foods could be consid-
ered as vectors in the space of nutrients while quantities of each
food would represent a solution meal.
For the previous example of Romain’s meal, the linear point
of view would lead to solving
. . .
. . .
. . .
. . . . . .
Where the unknown quantities are .
However, the following two aspects of the problem make this
model useless:
• for many foods, the quantity should be a whole number of
portions (ie. fruits, yoghurt, packaged foods, etc.);
• such equations cannot be solved easily in the framework
of fuzzy arithmetic.
After discussing these issues with the medical group, the op-
erational notion of possible actions on a meal emerged as cen-
tral,andithasbeencharacterizedtoanoperationallevel.Thatis,
we can consider a set of operations that can be applied to a meal
in order to transform it. For each food, the database contains all
the necessary information to compute the possible actions on
the meal. Some elements such as the patients’ habits regarding
theuseoffatswhencookingmeatorfish,forinstance,areasked
once and then recorded in their personal file.
So, the meal provided by the patient generates a state–space
wherethesolutionistobefound.Thisstate–spaceisnotexplicit
and we have to build it gradually with a local search algorithm.
In addition, each operation has to be weighted with a cost, in
ordertorankthedifferentfoundsolutions.Puttingitalltogether,
everything is set for an heuristic search.
B. Search Algorithms in a State–Space
1) General Form of Search Algorithms: Solving a combi-
natorial problem such as getting a meal well balanced can be
viewed as finding a path in a graph, called the search graph,
from a node called the root to a node called a goal node. The
rootistherepresentationoftheinitialstateofthesystem,oraset
of unassigned decision variables. A path from the root to a goal
is viewed as the set of elementary transformations modeling the
process of building a feasible solution to the problem at hand.
The search graph, which can be interpreted as a state–space,
is only potentially defined, in the sense that only the root is
explicitly available (the initial meal), together with a set of rules
which specify how to build the successors of a current node.
Using applicable rules on some node (“the father”) creates
new nodes (“the sons”), together with an arc from the father to
each son. This is called node expansion. Each arc is valuated
by a cost which is supposedly a positive number. The cost of
a path is the sum of the costs of its arcs. An optimal solution
corresponds to a minimal cost path from the root to a goal node.
Thegraphsearchmethodologyconsistsinapplyingrules,where
possible, to nodes until a goal node is reached. As long as a goal
node is not reached, the main problem is to select the proper
node to be expanded.
Fig. 8. Example of breadth-first graph search.
Let us consider a list of “generated meals” and another of
“visited meals.” At the beginning, “generated meals” contains
the meal given by the patient (= the initial meal) and “visited
meals” is empty. The graph search procedure consists in the
repetition of the following.
repeat
a choose a meal from “generated
meals” “visited meals”2
b check the balance of meal
c generate meal ’s neighbors by ap-
plying operations and put them in “gener-
ated meals”
d put meal in “visited meals”
until check in b is positive
It should be noted that the choice of the current meal in a is
notprecisely defined. This choice,alongwith theway nodesare
putin“generatedmeals”inc,leadstodifferentclassesofsearch
algorithms, with different properties.
For instance, on Fig. 8 is represented a simplified search
graph,where“generatedmeals”isusedincasafirst-in–first-out
(FIFO)3 and where the first meal in a is chosen. Such ex-
ploration is called a breadth-first search algorithm, because
it examines all states that are operators applications from
the initial state before any that are away. It has the
important property that it will eventually explore every state of
the state–space.
Only the amount of carbohydrates is considered here, and the
initial meal contains 10 g, whereas the goal is 19 g. To simplify,
the quantities are represented as precise values. The only two
possible operations are: add Bread and add Pastry.
2) Heuristic Search Algorithms: Heuristic search is a par-
ticular case of the previous algorithm where the program tries
2“-” is the minus operation for sets.
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to cleverly visit the state–space in order to quickly find the so-
lution. In the previous search canvas, each stage (a, b, c, and d)
canbenowrefinetoberuledbyanheuristic.Letusassumethat,
for each meal in “generated meals,” the following is known:
• the minimum cost of transformation from the initial meal
to , noted ;
• an estimation of the cost to transform to its closest so-
lution, noted .
Then, the algorithm is called an “A algorithm” and it goes as
follows.
repeat
a choose the meal from “generated
meals” “visited meals” with the best
evaluation
b check the balance of meal
c generate meal ’s neighbors by ap-
plying operations and put them in “gen-
erated meals”. For each generated meal,
compute an evaluation term
d put meal in “visited meals”
until check in b is positive
is an estimation of total cost of closest solution in the area.
From the previous example, it is possible to replace the
breadth-first search by an A search. The heuristic term is the
goal amount of carbohydrates minus this actual amount and
infinity if we are over (Fig. 9).
If is always lower than the real cost to the closest solution
(i.e., is “optimistic”) then the search is called and it has
been proved that the first found solution always has the lowest
possible cost ([9]).
Note: An heuristic is better informed than another
if
meals (18)
C. First Balancing Algorithms
1) A Simple Set of Operations: In the first generation of the
algorithms, we used the following set of operations on foods:
• modify its quantity to a minimum;
• modify its quantity to an average;
• modify its quantity to a maximum;
• remove it from the meal;
• replace it by the same amount of a better equivalent;
where minimum,average and maximum quantities are found in
the foods database. The computation of , minimum cost from
the initial meal to the current meal, was performed on the basis
of an equal cost of 1 for all of these operations.
2) Breadth-First Search Algorithm: 2392/
3479: Considering that the primary goal is to change as less
food as possible, each operation is weighted with the same
cost (= uniform cost). The very first algorithm which has been
implemented as a reference was the breadth-first search, as
described in Section III-B.I.
To test it, we used a database of 3479 meals which had been
really entered into the program by users. They were the users’
Fig. 9. Example of an A search.
mealsofagivenperiodoftime,andwedidnotmakeanychange
onthem.Someareclearlyaberrant,withthesamefoodrepeated
four times for instance. A meal’s correction is said to exist for
the algorithm if it is found before 20000 states are developed.
For the breadth-first algorithm, 1087 meals were not cor-
rected, so the success rate was 2392/3479.
3) First Heuristic Algorithm: 2569/3479: Thereafter, the
first heuristic search algorithm developed was of type A (cf.
Section III-B.II). Its term (in )w a s
unsatisfied nutrients
(19)
where weights the importance of the nutrient , in practice,
2 for important nutrients and 1 for others, down to 0 for those
which are too strongly linked with others (e.g., saturated lipids
with lipids).
This term characterizes the extent of nutritional imbalance
rather than the cost of the closest solution.
From the test database of 3479 meals, 2569 were corrected.
D. More Sophisticated Balancing Algorithms
It had been found on the previous experiments that the main
problem was the set of possible operations on foods, which
generated a gap too large between minimum/average/maximum
quantities for some foods.
1) New Set of Operations: It appears that, for each food ,
there exists a quantity which is the smallest portion of we
can reasonably consider in practice. This quantity has been
called increment amount of ; it is, for instance, a spoonful for
every food which can be served with a spoon, etc.
We then adopted the following new set of operations:
• add a quantity to the quantity of food ;
• substract a quantity to the quantity of food ;
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where the quantity cannot be outside the minimum/maximum
range.
This new set raises new objections. Increasing then de-
creasing a food has a nonzero cost while it brings back to the
same meal. So, it is important to bear in mind that in ,
is the minimum cost from the initial meal.
2) Computing a Better , Minimal Cost From the Initial
Meal: We are going to take into account the fact that removing
or replacing a food is a transformation of the initial meal which
is somehow more radical than simply changing a food’s weight.
In the previous computation of , all operations had the same
cost of 1. From now on, the costs of the operations on a meal
are
• 1 for increasing a food’s quantity by ;
• when decreasing a food:
DeleteCost if it causes deletion
otherwise;
• a constant ReplaceCost for replacement
A large value for ReplaceCost and DeleteCost induces a search
which tends to avoid replacements and deletions. Typically,
ReplaceCost and DeleteCost .
So, the value for a meal , denoted , is computed as
foods initial foods
DeleteCost
foods replaced
ReplaceCost (20)
where and are the quantities of food in the meal and
theinitialmeal,respectively. istheincrementamountoffood
(see Section III-D.I).
3) First Algorithm With the Improved Value of :
2757/3479: Another version of the algorithm was set up,
using the improved value for , and the following heuristic
term :
nutrients (21)
where is the necessity of matching of the nutrient with the
NORMO norm (see Section II-E) and a value weighting the
medical relative importance of the various nutrients (carbohy-
drates, lipids, etc.)
The problem here is that the term is almost always 1,
and decreases only near the perfect matching.
From the test database of 3479 meals, 2757 were corrected.
E. Heuristic Search Algorithms Close to
The set of operations which is described in Section III-D.I
increases thesizeofthestate–space,so weneeda moreefficient
heuristic search to reach solutions.
1) Distance Before Matching: Let us consider the distance
before matching for nutrient
(22)
where is the goal quantity of nutrient , the quantity
of nutrient in meal and is the maximum increment
for nutrient in one operation
foods
(23)
with quantity of nutrient in (1 g of) food and incre-
ment amount of food (in grams).4
measures the minimum cost, in number of
operations, it demands to level the nutrient ;in otherwords,
it is the number of operations it takes to have this nutrient nor-
malized using the better food for it. is negative if
the nutrient is over its norm, positive if it is under.
To balance a meal , each nutrient has to be normalized,
particularly the nutrient with the maximum distance before
matching. So, the closest solution is farther than
nutrients
(24)
In fact, more information can be worked out from this
heuristic term. If the nutrient unbalance responsible for the
max is negative, a lower estimation of the number of “increase
food” operations to the nearest solution ( )i s
nutrients
(25)
and the minimum of “decrease food” operations ( )i s
nutrients
(26)
Finally, the closest solution is farther than
(27)
2) Exact Computation of the Distance Before
Matching: Considering that all computations are made using
fuzzy arithmetic, the distance before matching for the nutrient
, should measure the number of times you can
add to nutrient before it matches the goal norm. It is not
as simple as a minus operation, and may be expensive in time.
Assuming and are fuzzy computed,
the distance is found by dichotomy, using the matching func-
tion , which returns HYPO, NORMO,o r
HYPER.
The goal of the dichotomy is to find , minimum number
by which to multiply so that is
NORMO.
Letus consider thecase where thenutrient is underitsnorm.5
Thedichotomybeginswithalowerbound( )andanupper
bound ( ) such that
• is HYPO;
• is NORMO.
The dichotomy algorithm is as follows.
repeat
{compute the middle}
if then
4Consequently, a ’ is the quantity of nutrient n that an operation on food
f add or remove.
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else
end if
until
Then, contains the minimum value of .6
Initial values and have to be determined, as close as
possible of the solution to accelerate the dichotomy. As
is basedonthevalueofpossibilityofmatchingplus necessityof
matching,andconsideringthat necessity possibility
• is the value where Possibility for NORMO starts to be
greater than 07;
• is the value where Necessity for NORMO reaches 18
considering shapes of involved fuzzy sets, this is
(28)
(29)
There after is computed from with (27).
3) Algorithm Using This Exact Computation:
2882/3479: The heuristic term using the exact computation
of the distance before matching is “optimistic,” since it is
a worst case measure for each nutrient. This gives a truly
algorithm which is a good standard to evaluate other
algorithm’s performances, and which has been implemented.
From the test database of 3479 meals, 2882 were corrected.
4) Simplifying the Evaluation of the Distance Before
Matching: 2910/3479: Keeping fuzziness apart to simplify,
can be computed as a real number. This is done in (23) by
replacing with an average of its fuzzy value ( is already
real). Yet, and are fuzzy numbers. The difference
of nutrient between meal and goal is
computed as
• distance between lower bounds, if beneath (cf.
Fig. 10);
• distance between upper bounds, if over ;
• 0 if bounds of are included in the bounds of .
does not perform a truly “optimistic” evaluation of the
distance before matching for several reasons
• may be pessimistic (Fig. 11);
• the real value of (and, consequently, )i sa na v -
erage of the fuzzy term, not an optimistic evaluation.
However,thisheuristicgivesbetterresultsthanwiththeexact
computation. In fact, in most cases, the estimation of the dis-
tance before matching is just above its real value. This term
seldomexageratesthecosttotheclosestsolution9 andthesearch
is very close to .
From the test database of 3479 meals, 2910 were corrected.
6With a precision of 0.1.
7If this value is lower than 0, we choose 0 since we know that ￿ ￿ 0.
8N may never reaches 1 but a value “has if” is taken.
9Itslightlyexageratesthedistancebeforematching,whichisoftenfarbeneath
the cost to the closest solution.
Fig. 10. Example for d(meal;goal).
Fig. 11. Example where d(meal;goal) is pessimistic.
5) FuzzyHeuristic: Theideanowistocomputethedistance
before matching as a fuzzy number. But of course this choice
leads to an A search with a fuzzy heuristic.
So, is computed with “fuzzy max” of .
is also computed as a fuzzy number. Now, the nu-
trient quantity begins to match its goal when it overlaps the
closer part of the goal . That is
• the part between and if ;
• the part between and if
Both the lower and upper part can be seen as fuzzy
sets,10 (see Fig. 12).
Once is chosen, the distance before matching can be com-
puted as the fuzzy number
(30)
Finally, and takes the “fuzzy max” and
the “fuzzy min” of the . Consequently, we have to
compare fuzzy numbers to choose the meal to be developed (in
Section III-B.I a). Such an operation can be very hard to work
outcompletely.However,agrossbutsimplemeanstosortfuzzy
sets is to compare their area-average values (see Fig. 13).
There, since is a true optimistic evaluation of the closest
solution, the search is but in the sense of “area-average”
order. Unfortunately, this order let us lose most part of the profit
of fuzzy computation and results are not those expected. More-
over, during the distance before matching computation, fuzzy
divisionspreadsfuzziness whichbrings confusionto thesearch.
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Fig. 12. Both parts can be seen as fuzzy sets.
Fig. 13. Area-average value of a fuzzy number.
F. Modifying the Search
1) Developing the Best Way: 2969/2479: In a concern for
performance, our goal is now to limit the size of “generated
meals” (in Section III-B.II). In our search, the order in which
operations are applied is of little importance. Moreover,
and (in (27)) indicates the minimum number
of increase/decrease operations to be done independently.
Then when generating neighbors, it can be decided to only
develop meals which will decrease the biggest term. That is,
during computation of a value is set to indicate
whether
• then ;
• then ;
• both are equal then .
Afterwards,whenthemealisselected,onlydecreaseorincrease
operations are performed according to the value of .
This adaptation of the standard search algorithm is an im-
provementhere, since there are less meals that are uselessly vis-
ited.
From the test database of 3479 meals, 2969 were corrected.
Moreover, the algorithm is significantly faster than all previous.
2) Introducing a Second Term in the Heuristic:
3059/3479: The and terms as seen in
Section III-E.I are a kind of approximation to the first degree.
Indeed, they consider each nutrient separately and the final
result reflects the distance to the closest solution for only one
nutrient. Yet, we could had a second degree, if we could take
into account other nutrients as well.
Letusconsiderwehavealreadycomputedthedistancebefore
matching for each nutrient and the nutrient responsible for the
max, (and min) in (and ). Now, for each
food
• we compute , the number of increase operations corre-
sponding to with this food;
• then,forothernutrients(inexcess),wecomputetheexcess
which would eventually remain after these operations;
• thereafter, we compute distance before matching for these
remaining excesses, ;
• finally, we take the max of remaining excesses and add it
to .
So,weobtain nutrients ,whichistheminimum
number of operations required to find a solution using food to
level nutrient .
To compute this, we need, for each nutrient, the percentage
that one increment amount of food brings compared with the
maximum : Then, it can be checked that
(31)
Consequently, is computed as the distance before
matching minus quantities brought by the first increases
(32)
Example: In the meal : eggs, butter, cereal, milk, the
distance before matching for nutrients is
• 15 for lipids;
• 10 for carbohydrates;
• 7 for proteins.
The nutrient responsible for the max is lipids. One increment
amount of milk adds
• 66% of ,s o ;
• 10% of ,s o
;
• 30% of ,s o .
So, the evaluation for milk is 29 ( ).
Now, the new heuristic term for increasing is the minimum of
all these values
increase foods nutrients
(33)
The computation of is similar.
It is interesting to note that, since is greater than
each , is always higher than nutrients .
Therefore, a food is interesting only if .
In our previous example, only milk and butter verified
. For milk, evaluation is 29, and for butter eval-
uation is (butter brings 100% lipids and 0%
carbohydrates). So, .
This is not a truly optimistic term since, in certain cases, the
best way is a mixing of two foods. However, it gives a good
evaluation in most cases, and the added computing time is com-
pensated by a faster search and a gain in memory consumption.
From the test database of 3479 meals, 3059 were corrected.
It is so far our best algorithm, and it has been implemented in
the current version of Nutri-Expert.
G. Results of Medical Evaluations
We will briefly discuss the results of a recent extensive med-
ical evaluation ([12]). Two groups of obese patients were fol-
lowed up over one year in a randomized study: the first group
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over the year, with physicians and dietitians conjointly) and the
second one also used at home the Nutri-Expert system. 557 pa-
tients were enrolled in the study by 16 French centers of dia-
betology and nutrition. Body mass index(BMI), tests of dietetic
knowledge, dietary records and centralized biological measure-
ments were assessed at inclusion, six and 12 months. 341 pa-
tients were evaluated at the end of the year.
The group using Nutri-Expert scored significantly better in
the tests of dietetic knowledge than the control group. For all
patients, nutritional education led to a significant improvement
in BMI, dietary records and biological measurements, without
significant difference between the two groups. Five years after
the end of the study, the weight of 148 patients was recorded;
meanBMIwassignificantlylowerthantheinitialvaluebutthere
was no significant difference between the two groups.
H. Concluding Discussion
Nutri-Expert uses well known ideas in the fields of fuzzy set
theory and heuristic search algorithms, to successfully provide
a better mathematical modeling of the nutritionnal problems, as
well as better end-user features.
Fuzzy arithmetic is used for all computations on data. Im-
precision and fuzziness of user’s food quantities as well as food
compositionvaluesarerepresentedbyfuzzynumbers,andcom-
putations lead to fuzzy values for each of the 14 considered
nutrients in a meal. The user usually chooses the food quan-
tities using pictures, issuing corresponding fuzzy numbers. The
norms given by international medical organizations have been
used; it is difficult to satisfy them all, and it justifies the need
for a balancing algorithm.
During the stage where fuzzy results are computed, then
matched against norms, the time spent into fuzzy computations
is not perceptible by the user. If food weights are progressively
modified, galvanometers and assessment sentences modify
continuously in a robust manner, without any important discon-
tinuity in results when nutrient values cross norm boundaries.
When exploring the search space in order to improve the
meal, the burden of fuzzy computations grows heavier. A gross
performance profiling has shown that the program spends as
much time in fuzzy computations as in managing the nodes of
the state graph. This price is repaid by the quality of the solu-
tions.
Balancing meals is an activity we practice informally every
day, and which happens to be a difficult problem, of an opera-
tional and numeric nature. We were lead to adopt a set of opera-
tionsonamealwhichdoesnotenlargetoomuchthestate–space,
and yet enables each problem to have a solution in it. Then, we
studied different kinds of heuristic evaluation, in order to ex-
plore the search graph as fast as possible, and the notion of dis-
tance before matching appeared as central.
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